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Non technical summary
Research on the relationship between input and output of a "knowledge production function" is an important contribution towards the understanding on how firms produce innovations.
Frequently, figures on R&D expenditures are used as input to the innovation process and patents are the (intermediate) output. Several studies have repeatedly examined the relationship between firms' R&D expenditures and patent applications. Not surprisingly, they typically found a positive relationship between patenting and R&D activity.
These frameworks, however, neglect the possible existence of a reverse causality link.
Successful research leads to patents and to the development of the ideas towards products and processes. Hence a significant part of R&D expenditures may arise after the patent application has taken place and perhaps also after granting. The empirical study on the relation between input and output of a knowledge production function would in this case be imprecise. Given that the development part of R&D is mostly the larger one, the impreciseness could be substantial, and estimated patent-R&D elasticities would be biased towards zero if development is irrelevant for the patent production.
This study an conducts analysis with data from the Flemish R&D survey which are linked with patent data from the European Patent Office in order to investigate the separate effects of research expenditure and development expenditure on the number of patents. It is shown that research has a significant positive impact on patents, but development expenditures have no effect.
These results suggest the conclusion that previous studies dealing with the knowledge production functions suffer from measurement error. Rather than R&D investment, research investment seems to be the relevant determinant for patenting, and consequently the returns to such activities have been underestimated in the past. 
Das Wichtigste in Kürze (Summary in German)

Introduction
Research on the relationship between input and output of a "knowledge production function" is an important contribution towards the understanding of how firms produce innovations.
Usually figures on R&D expenditures are used as input to the production process and patents are the output. The different studies also quantify the relationship and find decreasing marginal returns in most cases. The estimates for the elasticities vary and depend on firm size (Griliches 1990) , with larger firms showing a lower R&D productivity. 1 Griliches (1990) points to the possibility of a reverse causality link. Successful research leads to patents and to the development of the ideas towards products and processes. Hence a significant part of R&D expenditures may arise after the patent application has taken place and perhaps even after the patent grant. The empirical study on the relation between input and output of a knowledge production function would in this case be imprecise. Given that the development part of R&D is mostly the larger one, the impreciseness could be substantial, and estimated patent-R&D elasticities would be biased towards zero if development is irrelevant for the patent production.
We report the results of an empirical study on the separate effects of research expenditure and development expenditure on the number of patents. Using panel count data models on Belgian firm-level data, we find that research has a significant impact on patents, but that development expenditures have no effect. Thus, previous results in the literature on the knowledge production functions suffer from, possibly large, measurement error. Rather than R&D investment, research investment seems to be the relevant determinant for patenting, and consequently the returns to such activities have been underestimated in the past.
The relationship between Patents and R&D
The understanding of the economic process that leads to product and process innovation is of high interest, as an economy's wealth and growth may crucially depend on technological progress. At least in highly industrialized countries, technological innovation is seen as key input for long term employment and growth.
However, the identification of innovative output is not trivial, as there is no single, undisputed variable measuring innovation success comprehensively. Patents are the most commonly used indicator for invention output in the economy although this has been criticised by several authors (e.g. Griliches et al. 1986 , Griliches 1990 . It is typically emphasized that patents do not fully represent all of R&D output since only a fraction of the knowledge creating process leads to patentable inventions. Even if the knowledge is patentable, inventors may refrain from doing so due to additional cost of patenting or because they favour other means of intellectual property protection. Among others, Cohen et al. (2000) point out that firms frequently follow other strategies, e.g. secrecy or lead time ahead of competitors. A reason to patent, though, may be the blocking potential with respect to rivals, as the patent grants the inventor an exclusive right to exploit the technology for a fixed time period.
Despite several shortcomings of patent information, patent data is the most frequently used innovation output indicator, e.g. for assessing the technological potential of countries or sectors. Patents are an easily available source of information, as patent applications are systematically recorded by (national) patent offices and are, thus, available for researchers.
Furthermore, it should be noted that most of the crucial inventions of the last century were patented.
Several studies have examined the relationship between firms' R&D expenditures and patent applications. Not surprisingly, they typically found a positive relationship between patenting and R&D activity. The pioneering work in the use of patent statistics was conducted by Scherer (1965) , Mueller (1966) and Schmookler (1966) . Pakes and Griliches (1980) found a statistically significant relationship between the R&D expenditures of a firm and the number of patents received at the cross-sectional level, across firms and industries. This finding was also observed by who applied panel estimators for count data and they report an elasticity between 0.3 and 0.6 in a panel of U.S. firms (see also Bound et al., 1984, for further evidence). Cincera (1997) measures the impact of technological factors on patenting activity indicating a positive impact of R&D and technological spillovers on a firm's innovation output. Crépon and Duguet (1997a, b) use a panel of French manufacturing firms to investigate the relationship between investment in R&D and patents, and also find a positive and significant effect of R&D. This is also confirmed by Licht and Zoz (1998) who look at the patent-R&D relationship using German survey data. More recent results which also report a positive patent-R&D relationship can be found in Hall and Ziedonis (2001) for a sample of 95 U.S. semiconductor firms and in Blundell et al. (2002) . 6
Research and Development
Research and development encompasses several kinds of activities. According to the definition of the Frascati Manual (1993) which frames the methodology for collecting and using statistics about R&D in OECD countries, the term R&D covers three activities: basic research, applied research and experimental development. However, most surveys, evaluations and reports conducted in this area do not differentiate between these activities.
Usually basic and applied research is aggregated to one component, namely research, and can be described as any activity which is undertaken to generate new knowledge. Experimental development is systematic work, drawing on existing knowledge gained from research that is used as an input for developing new products or production methods.
The Frascati Manual (1993, p. 78) outlines the importance of (applied) research towards patenting: "[…] Applied research gives operational form to ideas. The knowledge or information derived from it is often patented but may be kept secret." This core statement was already made in a seminal work conducted by Hall et al. (1986) who attempt to characterize the lag structure in the productivity of R&D and who derive the conclusion that "it seems reasonable to suppose that successful research leads both to a patent application and to a commitment of funds for development."
This leads to the hypothesis that mainly the research component rather than the sum of research and development influences the propensity to patent. An earlier work of Link (1982) analyzes the determinants of inter-firm differences on the composition of R&D spending, namely basic and applied research as well as development. However, he does not link R&D to patents, but is interested in the determinants of basic and applied research as well as development, and regresses these R&D components on profits, diversification, ownership structure and subsidies. Nevertheless, all previous microeconomic, empirical studies on the relationship between patenting and R&D have treated R&D investment as a single, homogeneous activity, though. Thus, it is possible that previous studies underestimate the effect of research activities as the development expenditure is typically larger than research expenditure in the business sector. Consequently, it would be reasonable to split internal R&D expenditure into its two components, research and development, to investigate this hypothesis.
As already mentioned above most databases do not allow to explore this issue since usually only numbers for aggregated R&D are available. However, in the OECD R&D surveys, firms are asked for the breakdown of internal R&D expenditure into research versus development.
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Each of the surveyed firms is provided with the OECD definitions of research and development and an explanation of these terms.
Empirical Framework
In order to explore the determinants of a firm's patenting process and their change over time, we use a patent production function which was first introduced by Pakes and Griliches (1980) . This type of knowledge creation function describes the relationship between the number of successful patent applications made by a firm in a given year and its R&D spending as well as other firm level control variables. The number of patent applications is restricted to nonnegative integer values and is also characterized as a variable with many zero values since many firms do not apply for patents regularly. This led scholars to use count data models to investigate patent-R&D relationships. Typically Poisson and Negative Binomial models are used.
Let PAT it be the dependent count variable which describes the number of patent applications by firm i at time t, and is typically assumed to be Poisson distributed with mean λ it > 0. The link between patents, R&D it and a set of controls X it is usually assumed to be of an exponential function form:
where α and β are the parameters to be estimated, and c is a firm-specific effect reflecting time-constant unobserved components, such as management quality or a firm's attitude towards patenting, in case panel data are available.
As we hypothesized earlier, α may be biased downwards if development activity is irrelevant for patenting and research activity is the relevant type of investment for creating patentable knowledge. Therefore, we estimate the slightly modified model as
where R refers to research expenditure, and D to development expenditure. We expect that α 1 = 0 and α 0 > 0, and in addition that α 0 >α. The latter can be tested using a Wald test to see whether α 0 = α 1 .
As neither of the two specifications above, allows to model potential complementarities between R and D, we also estimate a third equation as a robustness check. There, an interaction term of R and D is included.
Note that the test for complementarity is not simply conducted by interpreting whether α 2 is significantly different from zero, as the regression model is non-linear. Instead, one has to calculate the cross-derivative dPAT/(dRdD) to correctly estimate the magnitude and the standard errors of the interaction effect (see e.g. Ai and Norton, 2003) .
3 Data, econometric methods, and results
Database
In order to investigate the patent production function described in the previous section we link As common in firm level studies we also control for firm size. Larger firms may be able to realize economies of scope in their innovation process, that is, they may be able to apply fundamental research results to more inventions than smaller firms. Thus, they may be more productive in yielding inventions (Scherer, 1983) . Since small firms usually do not have a special unit dealing with patents or property rights and often hesitate to apply for a patent because of the large patent litigation costs, the marginal costs for patent applications are expected to be higher for small firms than for large firms. Previous studies (e.g. Arundel and Kabla, 1998; Licht and Zoz, 1998) Additionally to firm size we also include the firms' age measured as the logarithm of the difference between the current and the founding year of the firm, ln(AGE). Very young firms may show a higher likelihood to patent because typically spin-offs from larger firms or research institutions involve innovative ideas which are then protected by intellectual property rights. Contrary to this, older firms may be more likely to patent because they have more experience in managing the application procedure which may raise their efficiency in patenting activities (Hall and Ziedonis 2001) . We also add capital intensity, ln(KAPINT), measured as the logarithm of the ratio tangible assets to employment as an explanatory variable.
The variable GROUP has unit value, if a firm is a member of a group of companies. Research output may have more than one patent application possibility. A group of companies is able to make use of an invention in more than just one way. An alternative way of considering possible effects of GROUP is the internalisation of positive externalities. The value of a composition of several firms to a group is among other factors determined by the use of spillovers from innovation activities. The existence of spillovers is well documented and a group can make use of such effects by internalising the externalities. In contrast, group membership may also result in less patent applications if the firm in question is a subsidiary.
It is possible that research conducted at a subsidiary may lead to patents that are taken out by the parent company, as it manages the intellectual property rights for the group.
The group dummy is supplemented by a collaboration dummy (COLL). Firms that engage in collaboration may also be able to internalize external effects, and thus file more patents. In addition to pure spillover effects, collaboration may also lead to more patents, as the firms simply engage in contractual agreements on the usage of intellectual property. In order to ensure that all collaboration partners have access to the knowledge produced within the collaboration network, patenting may become more likely, as, for instance, co-assigneeship will unambiguously secure that collaboration partners have access to the patented knowledge.
Finally, 11 sector dummies on basis on the European standard industry classification NACE should capture different technological opportunities, and a full set of time dummies captures shocks over time common to all firms.
All variables in monetary units are measured in thousand Euros in prices of the year 2000. We used the GDP deflator for price adjustment. Table 1 shows the descriptive statistics for all variables. Average firm size is about 696 employees, and average age about 27 years. Note, however, that the size distribution is highly skewed, since the median firm size is about 168 employees in our sample. Regarding R&D expenditures firms spent around 14 million Euros per year where approximately 10 million were spent for development, and about 4 million for research. In total, all firms of our sample applied for a total amount of 1222 patents, however, the distribution of this variable is rather skewed since about half of the companies only applied for one patent and only about 10 percent filed for more than 10 patents during the whole observation period. On average, a sample company applied for 4 patents per year.
About 69% use a cooperation network for conducting research and development and 68%
belong to a group. Earlier work which also focused on the patent-R&D relationship experimented with lag structures of R&D. Hall et al. (1986) provide evidence that a contemporaneous relationship between patents and R&D can be assumed. Longer lag structures of R&D did not improve the explanatory power of their regression models. For this reason and since we only have short time-series data for the majority of our companies in the sample, we follow this line of literature and also specify a contemporaneous relationship. We experimented with one-year lag structures, but it did not improve the results.
Estimation method and results
Commonly used count data models are the Poisson and the Negative Binomial model (NegBin). Traditionally, scholars have applied the random or fixed effects estimators introduced by Hausman et al. (1984) . A major drawback of these, however, is that the parameter estimates are only consistent under the strict exogeneity assumption, that is, it rules out any feedback from patenting in period t to future values of research and development expenditure. This will be clearly violated in our analysis, as one should expect that patents lead to future development activities. Therefore, we apply the linear feedback model suggested by Blundell et al. (1998) which relaxes the strict exogeneity assumption. The model approximates the fixed effects by including the log of patents from a pre-sample period as regressor in a standard pooled cross-sectional count model set-up, ln(PRE_PAT). In case, the firm had no patents in the pre-sample period a dummy is used to capture the "quasi-missing" value in log of patenting in the pre-sample period, NO_PRE_PAT.
For estimating (pooled) cross-sectional count models, scholars have frequently used negative binomial regression models (NegBin), as a basic assumption of the Poisson model is the equality of the conditional mean and the conditional variance which is typically violated in applications, and overdispersion is found. Although the NegBin relaxes this assumption it would only be consistent (and efficient) if the functional form and distributional assumption of the variance term is correct. It has been shown, though, that the Poisson model is consistent even in the case of overdispersion (always assuming that the conditional mean function is correctly specified). The only drawback is that the standard errors will be biased if the equidispersion assumption is violated. However, this can be corrected by using a fully robust covariance matrix estimator (see Wooldridge, 2002 , for example). Table 2 shows the quasi fixed effects panel regressions using the estimator proposed by Blundell et al. (1998) . We also show pooled cross-sectional estimates assuming that no fixed effects are present in the appendix (see Table 3 ).
Models 1 and 2 estimate the knowledge production function with aggregated R&D. First, we exclude all time invariant regressors as typical in traditional fixed effects models (model 1).
Since we depart from the traditional estimation method with the quasi fixed effects model, it is possible to include time invariant variables in order to reduce the error variance (model 2). The results of model (1) and (2) In these models, we find interesting differences: the estimated patent-research elasticity goes up to 26% in model (3) and 21% in model (4). The coefficient of development expenditure is not significant, though. Thus, we can conclude that the patent production function underestimates research productivity if R&D is used as the relevant measure. Note that we report the Wald test on the difference of the coefficients of R and D that indicate a significant difference. Once we separate R and D, the estimated knowledge productivity of research basically doubles, and development is irrelevant for patenting.
The models (5) and (6) include the interaction term ln(R/EMP)*ln(D/EMP) to model complementarity between R and D with respect to patenting. However, the estimated coefficient is zero. As this does not necessarily imply no complementarity, since we estimate a non-linear model, we also computed the cross-derivative dPAT/(dRdD) and calculated its standard error using the delta method. However, the results do not improve. While we certainly believe that complementarities exist between research and development activities in general, we do not find any with respect patenting. As said above, it indeed seems that research expenditure is the relevant component for patenting, but not development. Instead, research and patenting will trigger future development activities, which finally leads to new product introductions and new processes.
The results on the control variables are interesting as well. As expected, larger firms are more likely to patent, which confirms arguments on economics of scope and related arguments mentioned earlier. Interestingly, younger firms, all else constant, file more patents than older firms. This supports the argument that (high tech) spin off companies involve more innovative 14 ideas for commercialization. The capital intensity and the collaboration dummy are insignificant in all models. The firms associated with a group are less likely to patent. This indicates that subsidiaries may not take out the patent themselves, but that the parent company does so. Note that many of the larger firms in Flanders are foreign owned so that we do not have the parent company itself in our data.
Finally, the regressions also indicate that there are significant firm-specific effects as measured by the pre-sample patent measures. Note, however, that the pooled cross-sectional models yield very similar results (see Table 3 in the Appendix). We also find that patenting is heterogeneous across industries, as the industry dummies are jointly significant. The year dummies are also jointly significant, which indicates the presence of macroeconomic shocks that affect patenting behavior of all companies.
Conclusion
We report the results of a study on the separate effects of research and development expenditures on patent productivity. We argue that research productivity has often been underestimated as scholars typically have only data on R&D expenditure available, but not on research expenditure and development expenditure separately. Employing our Flemish firm-level panel database, we find that the patent-R&D elasticity is about 13% when using R&D in the regressions. Once we separate research and development spending, it turns out that development expenditure has no impact on patenting, but the estimated patent-research elasticity amounts to 21% and 26% depending on the model specification. Thus, the estimated research productivity is about twice as high compared to the R&D productivity.
Our estimations should only be seen as some first evidence on the different contribution of research and development to patenting. As our sample size is quite small, we cannot estimate separate equations for different industries. While we find that only research contributes to patenting but development is irrelevant, there may well be industries where development contributes to some extent to the patent process. Consequently, it would be desirable to replicate our regressions for a larger sample of firms, where scholars could group the sample by industry. While our available database is small as it only concerns Flanders, the survey data we use are actually available for many OECD countries, for some even since the late 1970s. Surprisingly there is little research on the OECD R&D surveys. While other surveys, such as the Community Innovation Survey are widely used for research, it seems that the R&D surveys are difficult to access for scholars in other countries. If this barrier could be overcome, there would be the opportunity to replicate or extend our study with large firmlevel panels from larger countries. 
